INTRODUCTION
Yang et al. ). The underpinning assumption of the ESP approach is that the historical meteorological data (precipitation, temperature, etc.) are substantial representatives of regional conditions that have the same probability of occurrence in the future. In other words, this method does not take into account the forecaster's knowledge of the climate system. An alternative dynamical method, hydrological ensemble prediction system (HEPS) approach, uses the seasonal forecasts from general circulation models (GCMs) to drive hydrological models. This method has become widely used in seasonal streamflow forecasting, due to increased accuracy and resolution of GCM forecasts (Franz et al. ; Gobena & Gan ) .
Currently, several operational meteorological centres regularly provide GCM seasonal forecasts, for instance, the ECMWF, the United States National Center for Environmental Prediction (NCEP), the UK Meteorological Office (UKMO) and the Australian Bureau of Meteorology. For the ECMWF, the first version of their system (System 1) has been operating since 1997, while the fourth version (System 4) has been operating from November 2011 to October 2017. Several studies have evaluated the precipitation forecast issued by ECMWF System 4 globally as well as in East Asia and China. Weisheimer & Palmer () appraised reliability of the precipitation forecasts from the ECMWF System 4 at a global scale. They defined five reliability categories ranging from 'perfect' to 'dangerous'. In most parts of the world, forecasts fall within the 'marginally useful' category. In China, precipitation forecasts fall also in the 'marginally useful' category in wet summers and wet winters. Peng et al. () found that ECMWF System 4 generally captures the climatological features of seasonal precipitation over China. Kim et al. () assessed the performance of System 4 winter precipitation forecasts in the northern hemisphere. They showed a positive bias over East Asia. Accordingly, post-processing is a necessary step before GCM outputs can be applied in streamflow forecasts. Quantile mapping method is a popular post-processing method for bias-corrected ensemble GCM forecasts (Wood & Lettenmaier ; Rajczak et al. ) .
Its popularity in seasonal forecasting has since grown, because it can enhance forecast skill and reliability by redu- within the UHRB.
MATERIALS AND METHODS

Data
Daily meteorological forecast data (e.g., precipitation and potential evaporation) are provided by the ECMWF seasonal forecast system. System 4, which initiates every month and integrates for the next seven months at 70-km spatial resolution, has been in operation since November 2011.
The reforecast data are available from 1981 to 2010 as Specifically, for the calculation of real evapotranspiration, the THREW model adopts the spatially averaged 
Forecast evaluation
Deterministic analysis
Three common metrics are used to assess the accuracy of the streamflow forecasts, including the NSE, the relative mean error (RME) and the correlation coefficient (CC). The skill of monthly streamflow forecasts is evaluated by the mean square error skill score (SS_MSE) calculated by Equation (1):
where Fst i ð Þ and Obs i ð Þ are the forecasted and observed monthly streamflow volume, respectively; Obs is the mean value of the observed streamflow volume. N is the total number of forecast years, which is equal to 8 in this study.
This skill score is used for evaluating the HEPS performance in individual months. The optimal value of SS_MSE is 1. For deterministic analysis, the ensemble forecasts should integrate into some single values. In this study, the ensemble mean is used to compute these performance metrics in the validation period.
Probabilistic analysis
The reliability of the forecast is assessed using the probability integral transform (PIT) diagram (Laio & Tamea ) , which is calculated by Equation (2):
where F t is the cumulative distribution function of the forecast, q obs,t is the corresponding observed data, t ¼ 1, 2, … , N, and N is the number of observations. The The overall performance of the ensemble forecasts is assessed using a ranked probability score (RPS), which has been commonly used to evaluate how well the probability forecasts predict the corresponding observations. Based on percentile determined from the distribution of the observed [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] , the thresholds are divided into three categories, including above normal category (>66th percentile), near normal category and below normal category (<33rd percentile). The RPS for one forecast is given by Equation (3) (Wilks ):
where J is the number of categories (here it is 3), Y fc refers to the relative occurrence frequency of ensemble members in the corresponding category, and O obs represents the observation probability in the category (O obs equals 1 if the observed data fall into the j th category and zero otherwise).
For a perfect forecast, the value of RPS is 0.
The forecast skill of the HEPS is evaluated using a ranked probability skill score (RPSS), compared with a reference forecast. For the three categories forecast, the reference forecast probability in the j th category is 1=3. The RPS for the reference forecast is computed using Y fc,j ¼ 1=3 in Equation (3). The RPSS is defined in Equation (4) (Wilks ) as follows:
where RPS f is the average RPS for ensemble forecast and
RPS ref is the average RPS for reference forecasts (Wilks ).
A positive RPSS means that the HEPS forecasts outperform the reference forecasts, and a negative RPSS indicates that the HEPS forecasts produce lower performance than the reference forecasts. For a perfect forecasts, the RPSS equals 1.
As the ECMWF System 4 forecast data are 15 or 51 ensembles members in each month, which induces bias in the computation of RPS skill scores, the correction factor proposed by Ferro et al. () is applied to compute the RPSS in this study.
RESULTS AND DISCUSSION
Forecast illustration
Retrospective HEPS forecasts for the Yangxian, Ankang, Baihe and Danjiangkou hydrological stations were produced using the corresponding ECMWF meteorological forecast data to drive the THREW model. 
Forecast reliability
To assess reliability of ensemble streamflow forecasts, we plot the PIT diagrams in Figure 5 . There is a jump in the PIT value of 0 for raw streamflow forecasts, which means that observations fall within the lowest interval of the forecast distribution or below it. The forecast reliability increases from 0-month to 2-month lead time, which is generally attributable to the fact that streamflow forecasts at 0-month lead time are more accurate and hence the uncertainty of the forecast is small. Overall, the PIT diagrams indicate that the forecasts have some problems in forecast reliability. This could be attributed to the overesti- | Scatterplots of three deterministic scores, the NSE, the RME and the CC, for different lead times. The scatterplots plot raw forecast skill scores (upper panels) and postprocessed forecast skill scores (lower panels) against ESP forecast skill scores, respectively. Each different shape of points represents the skill scores in a station for forecast horizons within the lead times. are also more skillful than ESP forecasts and raw forecasts, but the forecast skill decreases to some extent.
The overall performance of the monthly streamflow forecasts is assessed using RPSS. Figure 7 shows the results of RPSS for raw forecasts and post-processed forecasts with provide the management of the UHRB with improved longrange hydrological predictions.
CONCLUSIONS
This study applies the ECMWF System 4 forecasts for seasonal streamflow forecasting over the UHRB. The performance of the ensemble streamflow forecast is assessed in terms of the forecast accuracy, reliability and spread.
The main findings are summarised as follows:
1. During the study period, the raw streamflow forecasts present similar forecast accuracy with ESP forecasts and post-processing precipitation can improve the forecast accuracy substantially. The raw streamflow forecasts show some problems in forecast reliability and a tendency to overpredict streamflow. After post-processing precipitation with the QM method, the reliability of the forecasts is greatly enhanced up to 2-month lead time. Generally, our results provide valuable information regarding the application of the ECMWF System 4 forecasts for seasonal streamflow prediction in East Asia monsoon climate regions. In future studies, more basins with a diverse climate and landscape properties should be involved in the investigation to strengthen the findings in the present study.
